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Abstract 
Problem Statement. Among the main problems of e-Learning one is the "cold start  problem". A learning environment cannot 
provide information on a relevant difficulty of the content due to the lack of information about a learner.  The unsolved 
problem entails a reduction in the effectiveness of the learning process as overly difficult  or, on the contrary, too easy content 
leads to a loss of learning motivation, frustration and st ress among students. The study is aimed at searching the solution of 
the "cold start  problem".  
Research Questions. Which model of detecting the starting difficulty of the content  will be universal and will produce a stable  
forecast for different samples? 
Purpose of the Study. Developing the model for detecting the optimal starting difficulty of the content, including searching 
predictors meets the criteria of the universality. Testing hypotheses about the sustainability of the model for samples with  
different levels of preparedness. 
Research Methods. The model developing based on Logistic regression and Item Response Th eory. Testing hypotheses about 
sustainability based on hybrid simulation. This simulation type used real predictors and generated data sets (parameters of t he 
content difficulty) simultaneously. The data sets have made by Monte-Carlo software. Simulation has replicated several t imes 
for checking the sustainability criteria. 
Findings. Verbal and numerical intelligence parameters are potent and universal learning efficiency predictors. The detected 
starting level of the content difficulty is close to simulated learners’ level of knowledge (preparedness). The model is 
statistical significant and sustainable in cases of samples with similar or different levels of knowledge (preparedness).  
 
© 2013 The Authors. Published by Elsevier Ltd. 
Selection and peer-review under responsibility of Dr Zafer Bekirogullari. 
Keywords: e-Learning, cold start problem, verbal intelligence, nimerical intelligence, item response theory.  
 
* Corresponding author. Tel.: +7-963-717-99-55. 
E-mail address: dabbakumov@hse.ru 
Available online at www.sciencedirect.com
 013 The Authors. Published by Elsevier Ltd.
ion and pe r-review under responsibility of Cognitive-counselling, research and conference services (c-crcs).
1226   Dmitry Abbakumov /  Procedia - Social and Behavioral Sciences  112 ( 2014 )  1225 – 1231 
 
1. Introduction 
Among the main problems of e-Learning one is the "cold start problem". A learning environment cannot 
provide information on a relevant difficulty of the content due to the lack of information about a learner. The 
unsolved problem entails a reduction in the effectiveness of the learning process as overly difficult or, on the 
contrary, too easy content leads to a loss of learning motivation, frustration and stress among students (Wauters, 
Desmet, & Van den Noortgate, 2010). This study is aimed at searching the solution of the "cold start problem". 
2. The model developing 
2.1. Searching optimal predictors 
The solution proposed currently is to collect different contextual information about a learner (e.g. age, sex, 
education, occupation, etc.), and combine these data into the equation as weighting coefficients to determine the 
starting difficulty of the content (Wauters et al., 2010). We believe that applying the equations is relevant for this 
study. On the other hand, it is necessary to use a system of valid and reliable predictors of learning performance. 
A large number of studies show that learning performance is closely linked to the level of general mental abilities 
(Rindermann & Neubauer, 2004; Schmidt & Hunter, 2004). That makes it possible to consider the possibility of 
using verbal and numerical abilities as predictors in the model to determine a starting difficulty of the content. 
2.2. Type of model 
E-Learning is organized in a modular principle, where a module is a set of content that addresses the same 
topic (Govindasamy, 2001). Learning performance within a given topic can be assessed by a single task or 
several tasks (e.g. test item, case solving, supervision with checklist etc.). A topic is said to be mastered if a 
student solves all tasks successfully. Therefore, the dependent variable in the model is dichotomous and 
represents a pair: the task was solved correctly - the task was solved incorrectly (or was not solved at all), or, in a 
high level, the topic was mastered - the topic was not mastered. The models of mathematical statistics used for 
predicting the outcome of a categorical dependent variable (occurrence of a certain event) based on one or more 
predictor variables (features) are called Logistic models. 
2.3. The calculation of verbal and numerical ability measures 
Verbal and numerical abilities are latent characteristics which are hidden from direct observation. Measuring 
of these latent characteristics is based on raw scores obtained from testing, that are the indicators of latent 
characteristics, or on the outcomes of formal observations. The Item Response Theory allows to transform raw 
scores into measures that are continuous variables with values in a metric scale called Logits  (Hambleton & 
Jones, 1993). These measures are objective and might be applied to the model as predictors and used for 
statistical analysis. 
2.4. Description of the model 
The proposed model to determine a starting difficulty of the topic is the following: 
 
P(I)=exp(B0+B1θAb+ε)/(1+exp(B0+B1θAb+ε)) 
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where P (I) is a probability that a random learner with ability (verbal or numerical) θAb masters starting topic 
successfully; B0 is the constant; B1 is a coefficient (or weight) attached to the θAb; ε is a residual term. 
 
2.5. Description of the algorithm 
The process begins with a pilot group learning the topic. The learning process is followed by an assessment of 
the learning performance within the topic (future dependent variable). 
At the same time (either before the learning process, or after it), learners perform tests on verbal and numerical 
abilities. The collected raw scores are calibrated with IRT. The parameters of verbal and numerical abilities in 
logits are predictors in the model. On the next stage, the two logistic equations of learning performance within a 
topic are constructed with the following predictors (for verbal and numerical abilities there are separate 
equations). 
The equations could be used with a new group of learners to determine a starting difficulty of the topic. Before 
the learning process is started, a new group of learners pass the tests of verbal and numerical abilities. The 
probability to master the topic for a particular learner is calculated with a model based on the parameters of 
verbal and numerical abilities. If the probability value is above 0.5 - a learner could master the topic successfully, 
if this value is lower than 0.5 - it will be necessary to provide a learner with some pre-requisite content required 
for successful mastering the topic. This additional content could be prepared by a course developer (e.g. lecturer, 
teacher, tutor) and based on his/her expert experience. 
3. Empirical studies 
Empirical verification of the model is carried out by three simulation studies. A special computer program 
generates a virtual sample with certain parameters of verbal and numerical skills, as well as the parameters of 
content difficulty without reference to content specificity. 
3.1. Simulation study 1 
Hypothesis: the parameters of verbal and numerical abilities could be used as predictors in the model for 
prediction of mastering the topics with different levels of difficulty. 
The study is of a hybrid type. It involves the use of real and generated data sets at the same time. The study 
uses real tests of verbal and numerical abilities, and parameters of the sample (level of learners' preparedness) 
and parameters of the topic (level of topic difficulty) generated with given conditions by a computer program. 
In the study, we use the real test of verbal and numerical abilities - Quick Qualifying Test, developed in HR-
Laboratory "Human Technologies". The test is designed for rapid diagnosis of intelligence and is used in primary  
personnel assessment. The test consists of 4 scales: "verbal intelligence" (analysis of textual information), 
"erudition" (broad-mindedness), "numerical intelligence" (analysis of patterns in the numerical series), 
"information processing" (resistance to monotony intellectual work). The scales of verbal and numerical 
intelligence consist of 36 questions each. The difficulty parameters of each test item were calculated with IRT-
software "XCalibre" based on the raw scores matrixes provided by HR-Laboratory. 
Then, the Monte-Carlo simulation software WinGen generated a virtual sample of learners with the following 
parameters: 
 the sample size N = 100, 
 the distribution of learners' parameters (θ) is the normal,  
 the mean value of learners' parameters Mean = 0, 
 the standard deviation of learners' parameters SD = 1. 
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It is important to clarify that the study was carried out with several options of students: 
 the generated parameter of learners' preparedness (θ) - the parameter that simulates the actual level of 
learners' preparedness (or level of knowledge) that is unknown in the real life;  
 the parameter of learners' numerical abilities (θAb) - parameter, obtained by calibrating the numerical test 
matrix using IRT-software;  
 the parameter of learners' verbal abilities (θAb) - parameter, obtained by calibrating the verbal test matrix 
using IRT-software. 
 
WinGen software allows generating test answers of a virtual sample (Han, 2007). This method was used to 
obtain a matrix of verbal and numerical tests. Similarly, there were generated the results of mastering fifteen 
topics with different difficulty by learners (dichotomous value for each learner). For clarity, the parameters of the 
topic difficulties are identified and sorted in the ascending order and cover the range of parameters from -3 to 3 
logit. 
The verbal and numerical tests matrixes were calibrated in the XCalibre software using the one-parameter 
logistic model IRT (1PLM) (Guyer & Thompson, 2011). The obtained verbal and numerical parameters of 
learners (θAb) were saved. 
Using the R statistical package the correlations were calculated between: 
 generated parameters of learners' preparedness (θ), 
 the parameters of numerical abilities (θAb), obtained by calibrating the numerical test matrix using IRT-
software, 
 the parameters of verbal abilities (θAb), obtained by calibrating the verbal test matrix using IRT-
software. 
 
Table 1 shows the correlation matrix. It is clear that the parameters of numerical and verbal abilities have high 
significant correlation with the generated parameter of preparedness. This gave a reason to suggest that we could 
apply values of verbal and numerical abilities as predictors in the logistic regression equations for predicting 
learning performance within a topic. But it is necessary to build two equations with verbal and numerical 
parameters separately, due to the fact of multicollinearity (high correlation between the parameters of v erbal and 
numerical abilities). 
Table 1. Correlation matrix (significance at 0.001). 
 Generated Numerical Verbal 
Generated 1 0,916 0,937 
Numerical 0,916 1 0,872 
Verbal 0,937 0,872 1 
 
On the next stage two logistic regression equations were set up for each topic using the R statistical package. 
In the first equation, the outcome was predicted by a numeric parameter, in the second by a verbal parameter. The 
values of the logistic regression coefficients and their significance are shown in the Table 2. 
Table 2. Values of the logistic regression (asterisk denotes coefficients significant at less than 0.05). The generated 
difficulty parameter of the topic is placed under the number of the topic.  
 Num. Ver. Num. Ver. Num. Ver. Num. Ver. Num. Ver. 
 Topic 1 
(-3 logit) 
Topic 2 
(-2 logit) 
Topic 3 
(-1,5 logit) 
Topic 4 
(-1 logit) 
Topic 5 
(-0,75 logit) 
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B0 2,98 3,17 2,23 2,36 1,70 1,66 0,80 0,73 1,08 0,94 
B1 0,77* 1,12* 1,03 1,30 1,14 1,11 0,94 0,79 1,32 1,00 
 Topic 6 
(-0,5 logit) 
Topic 7 
(-0,25 logit) 
Topic 8 
(0 logit) 
Topic 9 
(0,25 logit) 
Topic 10 
(0,5 logit) 
B0 0,45 0,43 0,34* 0,33* 0,28* 0,25* -0,4* -0,51 -0,3* 0,44 
B1 0,57 0,66 0,81 1,03 1,06 1,34 1,19 1,36 1,31 1,72 
 Topic 11 
(0,75 logit) 
Topic 12 
(1 logit) 
Topic 13 
(1,5 logit) 
Topic 14 
(2 logit) 
Topic 15 
(3 logit) 
B0 -0,62 -0,63 -0,91 -0,99 -1,18 -1,22 -2,13 -2,18 -2,76 -2,87 
B1 0,77 0,82 1,43 1,43 1,29 1,20 0,89 0,90 0,15* 0,52* 
 
Table 2 shows that most of the coefficients are significant at an acceptable level (0.05).  
On the next stage, the probability to master each of 15 topics with different difficulty was calculated. After 
that, using the generated outcome matrix the total percentage of coincidence of two species was counted (see 
Table 3): 
 a positive outcome generated and a positive outcome predicted,  
 a negative response generated and a negative outcome predicted. 
Table 3. The quality of the forecasting on mastering 15 topics with different levels of difficulty.  The generated 
difficulty parameter of the topic is placed under the number of the topic. 
 Num. Ver. Num. Ver. Num. Ver. Num. Ver. Num. Ver. 
 Topic 1 
(-3 logit) 
Topic 2 
(-2 logit) 
Topic 3 
(-1,5 logit) 
Topic 4 
(-1 logit) 
Topic 5 
(-0,75 logit) 
Percentage of 
coincidence, % 94 94 88 88 80 81 73 69 72 72 
 Topic 6 
(-0,5 logit) 
Topic 7 
(-0,25 logit) 
Topic 8 
(0 logit) 
Topic 9 
(0,25 logit) 
Topic 10 
(0,5 logit) 
Percentage of 
coincidence, % 65 66 67 69 64 69 68 74 75 73 
 Topic 11 
(0,75 logit) 
Topic 12 
(1 logit) 
Topic 13 
(1,5 logit) 
Topic 14 
(2 logit) 
Topic 15 
(3 logit) 
Percentage of 
coincidence, % 68 69 80 80 80 77 87 87 94 94 
 
Table 3 shows that the quality of the forecast reaches the maximum level (94% matches) for difficult and easy 
topics while the topics with the average difficulty do not have so high forecast quality, however, it does not fall 
below 64 % matches. Therefore, it can be concluded that the hypothesis was confirmed. 
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3.2. Simulation study 2 
Hypothesis: the forecast produced with the model is stable for samples with similar parameters of learners.  
Testing the hypothesis in a simulation study is possible through a series of replications. A replication is a 
simulation study using different data sets, but with preservation of the range of parameters.  
Ten simulations were conducted with the following parameters:  
 sample size N = 100,  
 the distribution of learners' parameters (θ) is the normal,  
 the mean value of learners' parameters Mean = 0,  
 the standard deviation of learners' parameters SD = 1.  
 
The parameters of topic difficulties, as well as of numerical and verbal tests remained the same. 
As a result, for 10 replications minimum, mean and maximum values for forecast quality were counted, as 
well as a standard deviation. These are summarized in the Table 4. 
Table 4. The quality of forecasting obtained from the results of simulation studies for replication samples with similar 
parameters of learners' preparedness. 
 Percentage of coincidence, % 
Number of replications Minimum Mean Maximum SD 
10 62 77 95 9,6 
 
The table illustrates good reproducibility of the forecasts for samples with similar parameters. The minimum 
value of the forecast in all replications corresponded to the topic with medium level of difficulty, the maximum - 
to difficult and easy topics. The hypothesis was confirmed. 
3.3. Simulation study 3 
Hypothesis: the forecast produced with the model is stable for samples with different parameters of learners.  
Testing the hypothesis is provided by generating two types of samples (with high and low level of 
preparedness): 
 the volume of each sample of N = 100,  
 the distribution of learners' parameters (θ) is normal,  
 the mean value of learners' parameters Mean = 1 for highly prepared learners, and Mean = -1 for poorly 
prepared learners,  
 the standard deviation of learners' parameters SD = 1.  
 
For samples with specified parameters ten replications similar to those described above were performed (5 for 
highly prepared learners, 5 for poorly prepared learners).  
As a result, for the replications minimum, mean and maximum values for the forecast quality were counted, as 
well as the standard deviation. These are summarized in the Table 5. 
Table 5. The quality of forecasting obtained from the results of simulation studies for replication samples with different 
parameters of learners' preparedness. 
Type of learners’  
preparedness 
The mean 
value of 
learners' 
parameters, 
logit 
The sample 
volume. 
Number of 
replications 
Mean percentage of coincidence, % 
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Highly prepared learners 1 100 5 60 77 94 9,5 
Poorly prepared learners -1 100 5 59 79 98 11 
        
 
The table illustrates good reproducibility of a forecast for samples with different parameters. Mean, minimum 
and maximum values of the quality of forecasts are comparable to those values obtained for samples in 
simulations # 1 and # 2. In this case, the maximum value of the forecast quality for low-prepared samples 
corresponded to the topics with high difficulty, and for the highly-prepared samples to the topics with low 
difficulty. The hypothesis was confirmed. 
 
4. Conclusion 
In the present study, we examined a possibility to determine a starting difficu lty of a content using the 
elements of the probability theory and Item Response Theory. The model is universal and could be integrated 
into a learning management system (LMS). Among the promising areas of the future studies there is a check of 
the model quality on real samples of learners. It is also necessary to optimize the model in its "narrow" part, that 
is, functioning for topics with the average level of difficulty where the regression coefficients are often relatively 
insignificant. 
 
5. Notes 
The Intellectual Property for the model and the algorithm are reserved by author and National Research 
University Higher School of Economics. 
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